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ABSTRACT

A new procedure is presented for the detection of a bio-target signal in aerosol
particle number count data when no prior knowledge of the existence of such a signal or of its
characteristics (e.g., amplitude and shape) is assumed. Unlike previous bio-target detection
algorithms, the algorithm in this paper is derived rigorously by the direct application of
probability theory. To address the detection problem, probability theory is used to compare
two models (or hypotheses); namely, a model (M;) that postulates the presence of the
background interference only, and an alternative model (M3) that postulates the presence
of a bio-target signal in the background interference. The posterior probability for each
model is calculated based on all the available prior information, and used to determine
the posterior odds ratio Os; in favor of model My over model M;. This ratio provides a
quantitative measure of the evidence for the presence of a bio-target signal in the data. The
new detection algorithm has been applied to both simulated and real particle count data

and found to perform well.

il
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EXECUTIVE SUMMARY

Title: On the Theory of Particle Count Detection With an Application to the Triggering

of Biological Warfare Detection Systems

Author: Eugene Yee

Introduction: A high priority of any biological warfare (BW) agent defence system is the
detection of incoming biological aerosol clouds that may contain the presence of BW agents,
followed by the subsequent triggering of the system required to warn the user of the presence
of the BW agent cloud and to initiate particulate air sampling for identification of the agent.
In this regard, the problem of the remote detection of BW agents (e.g., bacteria, viruses)
which differ in some statistical sense from their immediate background clutter is of great
interest. The remote detection of BW agent contamination is desirable because it provides
an early warning of a possible attack, thereby enabling defensive measures to be taken such
as the donning of protective equipment (e.g., masks and clothing), the establishment of re-
connaissance procedures, the avoidance of contamination, and the identification of the BW
agent for initiation of medical countermeasures. Indeed, this was emphasized by Brigadier
General Doesberg (Commander, Joint Program Office for Biological Detection, Alexandria,
VA) who in his keynote address to a 1996 Edgewood Research, Development, and Engi-
neering Center (ERDEC) scientific conference emphasized that “the major deficiency of our

biological detection system is the lack of a reliable triggering device”.

The key problem that arises in the triggering of a BW agent defence system is to
determine if there is an “unusual” aerosol particle count in a particular window of particle
size (e.g., respirable size range) and fluorescence intensity that deviates from the expected
“normal” variability of the background particle counts in the same window. The detection
of this unusual particle count in the ambient background clutter is used to trigger and
warn the system of the putative presence of a possible bio-target. In almost all cases, it is
necessary to detect the bio-target with no prior knowledge of its amplitude and shape and
this difficulty is further accentuated because of the presence of additive background clutter
which can vary in both time and space. Although the technical problem of formulating
bio-target detection algorithms has been well recognized and studied over the past decade,

iv
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no good and definitive solutions have been forthcoming. One reason for this is that different
investigators have appealed to their differing intuitions about how the measured aerosol
particle count data from a BW detection system should be analyzed. However, intuition

can give us only bits and pieces of the truth; but it almost never gives us the whole truth.

In this paper, an optimal BW detection algorithm is derived rigorously from con-
nected theoretical principles, rather than formulated intuitively based on more or less ad
hoc notions. In particular, we go back to fundamentals and consider the problem of BW
detection from the start as one of probabilistic inference. Hence, in this work, we seek
to understand what probability theory has to say about the problem of bio-target signal
detection. The reason for this is that probability theory will give us its final verdict on the
presence of a bio-target signal in the measured particle count data in the form of a single
number; namely, the probability that the putative bio-target is present. In calculating it,
probability theory will automatically take into account all the information in the measured
particle count data that is relevant to this question, and whatever prior information is avail-
able. In so doing, the tactics that we think might succeed in the BW detection problem

will turn out to be quite different from those that have been tried in the past.

Results: A new procedure is presented for the detection of a bio-target signal in aerosol
particle number count data when no prior knowledge of the existence of such a signal or of its
characteristics (e.g., amplitude and shape) is assumed. Unlike previous bio-target detection
algorithms, the algorithm in this paper is derived rigorously by the direct application of
probability theory. To address the detection problem, probability theory is used to compare
two models (or hypotheses); namely, a model (M) that postulates the presence of the
background interference only, and an alternative model (M3) that postulates the presence
of a bio-target signal in the background interference. The posterior probability for each
model is calculated based on all the available prior information, and used to determine
the posterior odds ratio Og; in favor of model Ms over model M;. This ratio provides a
quantitative measure of the evidence for the presence of a bio-target signal in the data. The

new detection algorithm has been applied to both simulated and real particle count data

and found to perform well.
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Significance of Results: An important advance has been made towards solving the long-
standing problem concerning the detection of an unknown bio-target signal in aerosol par-
ticle count data that are contaminated by background interference events. In this problem,
it is often very difficult to tell if the bio-target signal has been detected. In this paper, we
present a rigorous solution to this problem that uses probability theory to derive the opti-
mal detection procedure that needs to be applied to the particle count data. Following this
process, we provide a quantitative measure based on the posterior odds ratio that answers
explicitly the following question: “What is the evidence for the presence of a bio-target
signal in the data?”. It should be stressed that intuition alone (which in the past has been
used to develop bio-detection algorithms) would never have been sufficient to suggest that
the algorithm derived here from probability theory is the proper thing to do in order to

optimally discriminate between background interference and a bio-target signal.

Future Work: Regarding the practical use of the proposed detection algorithm, 1200
frames of particle count data corresponding to 3600 s of sampling time currently requires
about 55 s to process on a Pentium II class computer with a clock speed of 400 MHz. This
is roughly a computational load of about 0.05 s per data frame, implying that the algorithm
can be applied to particle count data in real time as it is acquired. Consequently, future
work should focus on incorporating the new detection algorithm into a bio-detection system

(e.g., AWARN) to permit a real-time, autonomous operation of the algorithm.

vi
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I. INTRODUCTION

A high priority of any biological warfare (BW) agent defence system is the detection
of incoming biological aerosol clouds that may contain the presence of BW agents, followed
by the subsequent triggering of the system required to warn the user of the presence of
the BW agent cloud and to initiate particulate air sampling for identification of the agent.
In this regard, the problem of the remote detection of BW agents (e.g., bacteria, viruses)
which differ in some statistical sense from their immediate background clutter is of great
interest. The remote detection of BW agent contamination is desirable because it provides
an early warning of a possible attack, thereby enabling defensive measures to be taken such
as the donning of protective equipment (e.g., masks and clothing), the establishment of re-
connaissance procedures, the avoidance of contamination, and the identification of the BW
agent for initiation of medical countermeasures. Indeed, this was emphasized by Brigadier
General Doesberg (Commander, Joint Program Office for Biological Detection, Alexandria,
VA) who in his keynote address to a 1996 Edgewood Research, Development, and Engi-
neering Center (ERDEC) scientific conference emphasized that “the major deficiency of our

biological detection system is the lack of a reliable triggering device” (as cited in [1]).

The key problem that arises in the triggering of a BW agent defence system is to

[4

determine if there is an “unusual” aerosol particle count in a particular window of particle
size (e.g., respirable size range) and fluorescence intensity that deviates from the expected
“normal” variability of the background particle counts in the same window. The detection
of this unusual particle count in the ambient background clutter is used to trigger and
warn the system of the putative presence of a possible bio-target. In almost all cases, it is
necessary to detect the bio-target with no prior knowledge of its amplitude and shape and
this difficulty is further accentuated because of the presence of additive background clutter
which can vary in both time and space. Although the technical problem of formulating bio-
target detection algorithms has been well recognized and studied over the past decade, no
good and definitive solutions have been forthcoming. One reason for this is that different
investigators have appealed to their differing intuitions about how the measured aerosol
particle count data from a BW detection system should be analyzed (e.g, eighteen ad hoc
BW detection algorithms have been formulated in [1] based primarily on intuitive notions).

However, intuition can give us only bits and pieces of the truth; but it almost never gives
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us the whole truth.

In this paper, an optimal BW detection algorithm is derived rigorously from con-
nected theoretical principles, rather than formulated intuitively based on more or less ad
hoc notions. In particular, we go back to fundamentals and consider the problem of BW
detection from the start as one of probabilistic inference. Hence, in this work, we seek
to understand what probability theory has to say about the problem of bio-target signal
detection. The reason for this is that probability theory will give us its final verdict on the
presence of a bio-target signal in the measured particle count data in the form of a single
number; namely, the probability that the putative bio-target is present. In calculating, it,
probability theory will automatically take into account all the information in the measured
particle count data that is relevant to this question, and whatever prior information is avail-
able. In so doing, the tactics that we think might succeed in the BW detection problem

will turn out to be quite different from those that have been tried in the past.

In the “classical” or “orthodox” view of detection theory (or, equivalently, signifi-
cance testing as it is referred to by the statisticians), the focus is on the creation of some
function of the observable random variables (e.g., particle count data in our case). This
function is a detection statistic, £, that can be used to determine whether a signal is or is
not present in the received data sequence. Since the detection statistic is a function of ran-
dom variables, its probability distribution, assuming the truth of the hypothesis of interest
(e.g., “only background interference is present in the received data” or “bio-target signal
and background interference is present in received data”), can be calculated. A hypothesis
is then assessed by comparing the observed value of the detection statistic with the long-run
distribution of the values of the statistic in hypothetical repetitions of the measurements.
Once the detection statistic has been selected and its probability distribution determined
[and, frequently, even this is not possible with the result that one appeals to asymptotic
(large-sample size) approximations for the determination of the statistical characteristics
of L], it must be decided how this probability distribution will be used to assess the hy-
pothesis. A common procedure here is to use the Neyman-Pearson criterion [2], whereby
the probability of false alarm is constrained to an “acceptable” value and, under this con-
straint, the decision rule used to determine the detection threshold is chosen to maximize

the probability of detection.

This “frequentist” viewpoint of detection theory is standard and, in it, one is natu-
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rally obliged to judge any detection method by its performance “in the long run”, i.e., by
the sampling distribution of the detection statistic when the procedure is repeated many
times (and, assessed in terms of probability of detection versus probability of false-alarm).
Hence, the “classical” detection theory does not refer to the performance on an individual
case when a detection decision is made but, rather, makes statements only about long-run
relative frequencies of performance and, as such, is based not only on the probability of
the observed value of the detection statistic, but also on the probability of values that have
not been observed as well (viz., the detection based on £ relies on the calculation of the
probability P that £ values equal to or larger than that actually observed would be seen).
Jeffreys 3] raised precisely this issue with eloquence: “What the use of P implies, therefore,
is that a hypothesis may be true may be rejected because it has not predicted observable re-
sults that have not occurred. This seems a remarkable procedure. On the face of it, the fact
that such results have not occurred might more reasonably be taken as evidence for the law,
not against it.” The unusual logic of P-values used in “classical” detection theory seems
counter-productive since the real job before us is to make the best decision concerning the
presence or absence of the bio-target signal from the information we have in each individual

case (viz., for each received data sequence).

To see that long-run detection performance is a lesser problem, note that even if
we had found a procedure whose long-run performance is proved to be as good as can
be obtained for a particular ensemble (for example achieves the maximum probability of
detection for a given false-alarm probability), that would not imply that this detection
procedure is best—or, even tolerably good—in any particular case (i.e., for any particular
received data sequence). One can trade off better detection performance for one class of
samples against worse detection performance for another in a way that has no effect on
long-run performance, but has a very large effect on performance in the individual case.
Furthermore, for the particular problem we are interested in (i.e., detection of a bio-target
signal from a dispersing BW agent cloud in received particle count data), there is not even a
well-defined ensemble (e.g., the bio-target signal possesses no known form in the sense that
it could vary greatly from one realization to the next, and the background interference that
is determined by the environmental conditions will also necessarily vary over time). Hence,
it cannot even be determined over what ensemble the long-run detection performance should

be designed for, since such an ensemble is not well-defined in our problem.

It is argued here that the key activity in the bio-target detection problem is not
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to follow a rule which would prove correct 90% of the time in the long run for a specific
ensemble; there are an infinite number of different rules, all with this property. Rather, the
key activity in this problem is draw a detection decision that is most likely to be right for
the specific instance or case at hand. After all, if we have found the detection procedure
which is “best” in the individual case, it is hard to see how it could fail to be “best” also in
the long run. To undertake this program, we must reject all methods for detection that are
predicated on the formulation of rules which give good results “in the long run” or “on the
average”. On an intuitive level, it is clear how to organize the reasoning in order to achieve
the goal of an optimal decision for the individual case. This reasoning decomposes into the
following stages: (1) try to forsee all the possibilities that might arise; (2) judge how likely
each is, based on everything you see and all your past experience (prior information); (3)
in light of this, judge what the probable consequences of various actions would be; and,
(4) make your decision. This process of plausible reasoning preceding decisions is used
in modern jurisprudence, in medical diagnosis, etc. In what follows, we will show how
probability theory can be used to design a detection procedure for the bio-target detection
problem that permits optimal detection decisions to be made for the individual case (rather

than “for the long run”), which embodies quantitatively the stages of reasoning enunciated

above.

II. THE RULES OF PROBABILITY THEORY

There are only two basic rules for manipulating probabilities; namely, the sum rule
and the product rule. Because all other rules may be derived from these, the sum and

product rules may be interpreted as playing the role of a “grammar” for probability theory.

In probability theory, the plausibility or probability of a hypothesis (proposition) H
is assessed in light of some observed data D (more precisely, D is the proposition asserting
the values of the data actually observed) and any prior information (proposition) I we may
have regarding the hypothesis and the data. We write such a probability as p(H|DI), i.e.
the probability that “H is true given that both D and I are true”. Hence, p(H|DI) signifies
the real number that is assigned to the probability of H given D and I. The basic rules for

manipulating probabilities are the sum rule

p(H +H|I) = p(H|I) + p(H|I) = 1, (1)
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and the product rule
p(HD|I) = p(H|I)p(D|HI). (2)

All the symbols appearing as arguments in Equations (1) and (2) should be under-
stood as propositions. The symbol H denotes the negation of H (a proposition that is
true if H is false). The proposition HD signifies the logical conjunction of H and D (a
proposition that is true only if H and D are both true). Similarly, the proposition H + H
signifies the logical disjunction of H and H (a proposition that is true if either H or His
true). The notation “|7)” means conditional on the truth of proposition I. Note that the
plus sign appearing inside p(H + H|I) on the left-hand side of Equation (1) refers to the
logical disjunction of two propositions, whereas the plus sign appearing on the right-hand
side of Equation (1) refers to the addition of two numbers (i.e., the probabilities of hypothe-
ses H and H given the prior information I). The rules in Equations (1) and (2) hold for
any arbitrary propositions; and, in particular, D and I do not necessarily have to specify
propositions relating to data or prior information, respectively, although this is the form
we will apply these rules in this paper. Finally, we emphasize that all the probabilities in
Equations (1) and (2) are conditional. To use the notation p(H) to stand for the probability
of H does not make sense until the evidence on which it is based is given (viz., knowledge is
necessarily contextual). Just as the concepts of absolute space and time do not make much
sense, the notion of an absolute probability p(H) is meaningless because all knowledge is

conditional.

The proposition “H and D” is the same as “D and H” so the truth of the propositions

must be the same in the product rule. Consequently,
p(HD|I) = p(DH|I) = p(D|I)p(H|DI). 3)

Equation (3) may be combined with Equation (2) to obtain Bayes rule

p(D|HI)
p(DII)

Bayes rule describes a type of learning: how the probability of a hypothesis should be mod-

p(H|DI) = p(H|I) (4)

ified on obtaining new information D in the form of observed data. The probability p(H|I)
for the hypothesis H in the absence of D is called the prior probability, and the probabil-
ity p(H|DI) including the information D is called the posterior probability. The quantity
p(D|HI) is called the sampling probability for D (when H is fixed), or the likelihood for
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[

H (when D is fixed). The quantity p(D|I) is called the prior predictive probability for
D, and essentially plays the role of a normalization constant in Equation (4). Bayes rule
is the starting point for all inference problems using probability theory. As it currently
stands, Bayes rule is not sufficient to conduct inference because, ultimately, the numerical
values of the probabilities must be known to begin a calculation. How this task needs to be

accomplished for the bio-detection problem will be described in the next two sections.

III. CHARACTERIZATION OF BACKGROUND PARTICLE COUNTS

The detection of the bio-target signal must be undertaken in the presence of a back-
ground particle count interference associated with sulfates, nitrates, pollen, fungi, spores,
and other naturally occurring organisms and organic matter that is present in the atmo-
sphere. This “noise” can also include measurement noise in the detection system such as
background optical noise arising from the effects of stray laser light reaching the fluorescence
photomultiplier tube (“dark current”). Whatever the source for the background interfer-
ence within a prescribed window of particle size and fluorescence intensity, the detection
algorithm must be able to estimate the total background noise in the data and make proper
allowances for it. Consequently, we shall assume that the level of the background particle
counts and its variability in a prescribed window of particle size and fluorescence intensity
are not known in advance, so the detection algorithm must estimate this information from
the data and use it to determine the reliability or accuracy of the subsequent bio-target de-
tection. This is important because the presence of the intrinsic background particle counts
will degrade the sensitivity of the detection because it is impossible to unambiguously sep-

arate events originating from the bio-target signal process from the expected background

events.

To this end, we assume that we have available an independent sample of the back-
ground interference (i.e., sample that has been independently measured). The background
interference data are the counts of aerosol particles in a prescribed window of particle size
and fluorescence intensity when it is known a priori that there is no bio-target signal present.
Suppose that this background interference measurement yielded m; counts in an interval of
duration 7. Since we are dealing with measurements that are obtained by counting par-
ticles, the Poisson distribution is the appropriate sampling distribution (or, equivalently,

likelihood function) in this case [4]. Hence, the background interference can be characterized
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by an unknown expected mean b (background rate); viz., we make the hypothesis H that
the background interference can be characterized by a Poisson process with background
rate b. We will assume that the background rate b does not vary in the sampling interval
T. However, this does not preclude the case of a slowly time-varying background rate over
a time scale T7* > T [viz., each background reception of sampling interval T' used as the
reference for the next (or next series) of detection decisions can have a different b, whose
value will be estimated anew for each reception]. Hence, b can vary with time, but on a

time scale T* that is long compared to the sampling time for the background reception.

The value of b for each background reception can be estimated from the background
interference data by simply taking the prior information I, as specifying the connection
between b, ny, and 7. Consequently, I, will identify the Poisson distribution as the likelihood
function; viz., the probability of seeing n; background events in an interval T (which we
identify with the data hypothesis D, so D = n;) assuming a background rate b is
(bT)™ exp(—bT")

nb!

p(ns|bly) = : ()

It will be assumed that we know nothing about the value of b before the receipt of any of
the background samples. The least informative prior for the rate of a Poisson distribution
can be derived from a simple group invariance argument, noting that 4! plays the role of
a scale for the measurement of time [5]. This argument results in the assignment of the
Jeffreys prior [3] as the prior distribution for b (more, precisely, for the hypothesis H that

the background events are characterized by the rate b):
1
p(blly) = 3 (6)

In essence, this corresponds to a prior that is uniform in log(b), and expresses complete
ignorance regarding the scale of the background rate (viz., we do not know anything about
the background rate before the measurements of the background). Finally, the prior predic-
tive probability p(ny|I) can be obtained from Equation (5) by integrating over all possible

values of b, so

p(nol ) = /0 " p(naloT) db
=/°° (bT)™ exp(—bT") b
0

nb!

1
le.

(7)
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Given the probability distributions in Equations (5), (6), and (7), Bayes rule of
Equation (4) can be applied to calculate the posterior distribution for the background rate

b (which encapsulates our state of knowledge of b after the background measurement):

_ p(np|blp)
p(blnplp) = p(bub)_—_p(nbllb)
_ 1 (oT)™ exp(=bT)
~ b ™ "
_ T(bT)™~! exp(—bT)
- (nb - 1)! ’ (8)

Note that the posterior distribution for the (unknown) background rate is a gamma dis-
tribution with mean value (b) = ny/T and standard deviation o, = n,l)/ 2 /T. The latter
is the usual “root N” result expected from a Poisson signal. The posterior distribution
for the background rate b in Equation (8) encodes all the information we have about the
background interference process in our assumed current state of knowledge (viz., in the
state of knowledge where we have a sample of the background interference consisting of ny
counts obtained in a time T'). This distribution is the full Bayesian solution to the problem
of estimating b. This full result will be used in the bio-detection problem considered in the

next section.

For some applications, it may be useful to simply summarize the information embod-
ied in Equation (8) in the form of a Bayesian interval [b, bs] corresponding to a confidence

level o which can be constructed as follows:

bo
[ pltinot)do=a. (9)

by

These intervals are probably more properly described as “credible intervals”; viz., an allowed
range for b (background rate) with probability content . Note that there is freedom in the
choice of b;, depending on whether one desires an upper credible, lower credible, or central
credible interval. An alternative summary of the information encoded in Equation (8)
about b may be to simply report the posterior mean, (b), and the “one sigma” credible
region of (b) &0y (viz., (b)est = (b) £ o} which is simply a “best-fit” value and “error bars”).
However, the definition of a credible region for b (either an « confidence level or a “one
sigma” level) should be viewed as indices that describe only specific characteristic points
about the background interference. All the information in the measured background sample

is contained in the posterior distribution for b exhibited in Equation (8).
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IV. DERIVATION OF DETECTION ALGORITHM

Now, let us suppose that we are given a new measurement. In particular, we are
told n particle counts in a sampling time At have been observed during an interval when
there is a suspected bio-target signal. Given the information on the background interference
(cf. Section III), we need to decide between two possibilities (hypotheses); namely, either
that the new measurement is consistent with the background interference, or that there is
a bio-target signal present in addition to the background interference. In many cases, it is
often very difficult to tell if the bio-target signal has been detected. The rules of probability
theory outlined in Section II can be used for this purpose, but to do so one must state
exactly what one means by “signal” and by “no signal”. In this problem, “no signal” will

be represented by model M;
r=b, (10)

and the bio-target “signal” will be represented by model M>
r=s5+b, s> 0, (11)

where r is the (unknown) event rate corresponding to the new measurement, b is the (un-
known) background event rate, and s is the (unknown) bio-target signal event rate. In
Equation (10), the exact value of the background event rate b is unknown, although the as-
sumed availability of a sample of the counts from the background imposes constraints on its
probable values as derived in Section III. Furthermore, when the bio-target signal is present
as in Equation (11), the exact value of the signal event rate in the given sampling interval
is assumed not to be known a priori. However, given that the bio-target was present when
the new measurement was made, this measurement must embody information about both

b and s.

Given the two models, Equations (10) and (11), the problem of bio-target detection
reduces to the following question: “What is the evidence in favor of model 2 over model
1?7”. To address this problem, we need to calculate the posterior probability of each model
(i.e., either M; or My), conditioned on the new data D and any prior information I. In this
case, we take as our prior information the proposition that one of the two given models is
true, i.e., I = M, + M, where the plus sign here stands for logical disjunction. Bayes rule
implies that the posterior probability of model M; (i = 1,2) is given by
p(D|M,I)

p(M;|DI) = p(M;|I) (D)

i=1,2. (12)
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Once these two posterior probabilities have been evaluated, it is useful to consider their
ratio. The ratio, Oay = p(M2|DI)/p(M1|DI), which is the posterior odds ratio of model
M over model My, is given explicitly by [cf. Equation (12)]

Oor = p(Mp|DI) _ p(M|I) p(D|M,I)
2= p(My|DI) — p(Mi|I) p(DIM:T)
_ p(M|I) p(D|M>)

_ p(
p(My|T) p(D|M;)’

(13)

where in the second line of Equation (13) we used the fact that the compound proposition

M; I is true if and only if model M; is true; i.e., it is equivalent to the proposition M; itself,

so p(D|M;I) = p(D|M;).

To calculate the posterior odds ratio of Equation (13), we need to compute two
terms: the first, p(M;|I) (¢ = 1,2) is the probability of model M; given only the prior
information I. This term represents one’s state of knowledge about each of the two possible
models before the new data D is obtained. The second term, p(D|M;) (i = 1,2), is the global
likelihood of the data D given model M;. It represents how well the model fits the data.
Note that the first factor [p(M2|I)/p(M1|I)] in the posterior odds ratio of Equation (13)
can be interpreted as the prior odds ratio, and the second factor [p(D|Mz)/p(D|Mi)] can
be interpreted as a Bayes factor consisting of the ratio of the global likelihoods of the two
models. It is important to emphasize that the model comparison here relies on the ratio
of global likelihoods, and not maximum likelihoods. An important consequence of this fact
is that the marginalization used to calculate the global likelihoods (see below) implies that
the Bayes factor automatically favors the simpler model (i.e., the model for background
interference only) unless the data justify the complexity of the more complex alternative

(i.e., the model for bio-target signal and background interference).

To proceed further, we need to assign the two terms, p(M;|I) and p(D|M;) (i =
1,2). In our current problem, it is assumed that little prior information about the presence
or absence of a bio-target signal within a given time window is available a priori. In
consequence, we will consider the hypothesis of the presence and absence of a bio-target
signal to be equally probable a priori and assign equal probabilities of 1/2 to each of the two
models. Thus, p(M;|I) = 1/2 (i = 1,2) and the prior p(M;|I) will cancel in Equation (13),
leaving only the global likelihood of the data in the determination of the posterior odds ratio.
However, in the case where military intelligence suggests that a BW attack is likely, then

this state of knowledge would be consistent with the assignment p(Mz|I) =P > p(Mi|I) =
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(1 — P). The value assigned to P will depend on how likely military intelligence deems
the BW attack to be. The numerical values assigned to the prior probabilities P(M;|I)
will depend on the scenario, but to provide a specific example in the following discussion,
we will assume that we do not have any specific prior information concerning whether a
BW attack is or is not imminent, so we simply assign p(M;|I) = p(M2]I) = 1/2 (Laplace’s

principle of indifference) [6].

The global likelihood of the data, p(D|M;), for model M; is obtained from the joint
probability of the data and the parameters of the model. For model M [cf. Equation (10)],
the only parameter is the background rate b, so for this model the relevant joint probability
of the data and the model parameter can be expressed as p(D,b|M;). However, the exact
value of b is unknown, so we need to remove this parameter from the problem. To accomplish

this, we simply apply the sum rule to integrate out the nuisance parameter b:

p(DIM;) = /0 ~ db p(D, b))

= /0 ~ b p(b|M1)p(n|bMy), (14)

where the integral is over all possible values of the parameter b (which in our case can
assume a conrinuum of positive values). In the second line of Equation (14), the product
rule [Equation (2)] was used to express the joint probability p(D,b|M1) = p(n,b|My) in
terms of the prior probability p(n|M;) and the likelihood function p(n|bM;) (recognizing
that the new data D here consists of observing n counts in the sampling time At). The
prior probability p(b|M;) for this problem is informative, since we assumed in Section III
that we have some background interference data available before the measurement of D. In
partiéular, the prior probability p(b|M) in this problem is just the posterior probability for
b from the background estimation problem in Section III, viz., p(b|M7) = p(b|nslp) where
p(b|nsIp) has been determined in Equation (8). Furthermore, the likelihood p(n|bM;) here
is simply the Poisson distribution for obtaining n counts in the sampling time At assuming

a given (constant) background rate b, so

(bAL)™ exp(—bAt)
n!

Now, inserting Equations (8) [for p(b|M;)] and (15) [for p(n|bM;)] into Equation (14) and

evaluating the resulting integral, the global likelihood of the data for model M; takes the

p(n|bM,) = : (15)

following form:
oo np—1 _ n _
p(D|My) = / g TOT)™ ! exp(—bT) ~ (bA1)™ exp(—bA?)
0

(nb - 1)! nl
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Tme (At)n F(n -+ TLb)
~ (T + Aty (np — 1)lnl’ (16)

where I'(r) denotes the gamma function [7].

Next, we need to evaluate the global likelihood of the data for model M;. Model
M, has two parameters; namely, s and b [cf. Equation (11)], both of which are unknown.

It is a simple consequence of the sum and product rules that,
p(DIMs) = [ ds [ db p(D, 5,10
= /000 ds /000 db p(s, b|Ms3)p(D|sbM,)
= ["as [ b plodp(sr)p(nlsbe) a7)

In the second and third lines of Equation (17), the product rule was applied to factor the
joint probability densities p(D, s, b|M2) and p(s,b|M2). The statistical characteristics of
the background interference measured in Section III are assumed to be identical to that
contaminating the bio-target signal in model M>. In consequence, p(b|Ma) = p(b|nplp), so
the prior distribution for b in this evaluation is identical to the posterior distribution for b
obtained from the background interference estimation problem in Section III. For the prior
distribution for s given the background rate b, we assign the least informative prior (i.e.,
Jeffreys prior [3]) for a Poisson rate (s + b), with the value of b given, viz.

1

p(s|bM>3) = Py

(18)

The likelihood p(D|sbMs2) = p(n|sbM>2) in Equation (17) is identified as the probability for
obtaining n counts in a sampling time of At for a Poisson rate of (s + b) [viz., in model
Mo, the putative measurement counting rate is (s + b) since the observation is assumed to
contain both the bio-target signal and the background events]. Hence,

((s + b)At)" exp(—(s + b)At)
n! ’

p(n|sbM) = (19)

Substituting Equations (8) [for p(b|M2)], (18) [for p(s|bM>)], and (19) [for p(n|sbM2)] into
Equation (17), we get
_ T(bT)™~ exp(—bT) 1
PDIME) = / A e e e
((s + b)At)" exp(—(s + b)At)
n! )

(20)
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All that remains to formally complete the problem is to evaluate the indicated
integral in Equation (20). Surprisingly, this integral can be evaluated in closed form, so
a numerical method for integration is not required. There are a number of different ways
that the integral in Equation (20) may be done, but perhaps the easiest is to rewrite the
integral in the following form:

T (At)™

P(DIM2) = Gy

/00 db b™ L exp(—b(T + At)) /°° ds (s +b)" L exp(—sAt). (21)
0 0

Next, we focus on evaluation of the inner integral with respect to s in Equation (21). To
accomplish this, make the substitution x = sAt so dk = Atds, and rewrite the inner integral

of Equation (21) as
e ©© n—1
[ asts+ o exp(-aat) = | S (E+0)" eni-n

= exp(bAt) /00 dvv™ ! exp(—v)
b

(A)™ Sy
_exp(bAt) )
= g Dmbao) (22)

where T'(v;z) denotes the complementary incomplete gamma function [7]. In the second
line of Equation (22), we made the substitution v = (x/At + b)At; and, in the third line of
Equation (22) we used the fact that the integral in the second line is simply the definition
for the complementary incomplete gamma function [7]. Now, if we insert Equation (22)

into Equation (21), we get

S
p(D| M) = / db bt exp(—bT)T'(n; bAL). (23)

The integral in Equation (23) can be evaluated by using the fact that ([8], pg. 309)
a’I(p+v)
plo+ Bt

where o Fy(a, b; c; z) is the hypergeometric function with numeratorial parameters a and b,

/°° ! exp(—Bz)T (v; ax) dz = 2F(Lp+vip+18/(@+8), (24)
0

denominatorial parameter ¢, and argument z. This finally gives
T™ (AL)™ L(n + ny)
npin! (T + At)n+ne

p(D|M) = o F1(1,m 4 np; 1+ np; T/(T + At)). (25)

The posterior odds ratio Oy; for model My over model M; can now be explicitly
exhibited by substituting Equations (16) and (25) into Equation (13) and noting that for
our example we have assumed that p(M;]]) = p(Ma|I) = 1/2:

1
O21 = — 2Fy (1, + np; 1+ mp; T/(T + At)). (26)
b
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This is simply the odds in favor of model M (viz., the model that proposes that a bio-target
signal is present in the data D). The odds ratio of Equation (26) expresses a bet. If the
odds ratio is greater than 1, it is bet in favor of the model postulating the bio-target signal.
If the odds are less than 1, it is a bet in favor of the model proposing that only background
interference is present—viz., there is no bio-target signal of interest. If the odds are exactly

1, neither model is to be preferred.

Equation (26) provides the evidence for the possible presence of a bio-target signal
in the received data sequence in the form of an odds ratio. This ratio provides us with the
final state of knowledge with all the available prior information (background samples) and
data (new received data sequence) taken into account. All the activity described above and
culminating in Equation (26) concerns inference. An essential thing which is still missing is
the rule which converts the odds ratio (evidence) contained in Equation (26) into a definite
course of action (decision theory). Hence, we need to decide how large the posterior odds
ratio Os; needs to be in order to declare the presence of a bio-target signal in the data.
With regard to this problem, which belongs to “decision theory” proper, there is nothing
in probability theory per se which could tell us where to put the critical levels at which
the decision for the detection of a bio-target is made: viz., whether the putative target
is present or absent in the received data sequence. The location of these critical levels
obviously depends in some way on value judgements as well as on probabilities; what are
the consequences of making wrong decisions, and what are the costs of making further

measurements before the decision is made?

To this end, we need some specific criteria of what we want our BW detection system
to accomplish. The criteria will vary with the application and necessarily depend on certain
value judgements, and obviously no single decision rule can be best for all purposes. A naive
choice may be to simply declare the bio-target signal to be present whenever Oy, is greater
than 1 (viz., a bio-target signal is declared whenever Mj is preferred over M;). A more
general approach will require the assignment of a loss function L(P, M) which represents

our judgement of how serious it is to make decision P when model M is in fact true.

In our problem, there are only two possible models; M; (only background interfer-
ence is present) and M, (bio-target signal is present in the background interference) which
must be discriminated against from the given particle count data D. In consequence, there

are two possible decisions P; and P» corresponding, respectively, to the absence and presence
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of a bio-target signal in D. Hence, there are two types of errors; the false alarm A = (P,, M7)
(a bio-target is detected when none actually existed), and the false rest R = (P, M>) (a
bio-target is not detected when it was actually present). In certain BW applications, one
type of error might be more serious than the other. As an example, suppose that a false
rest is considered ten times as serious as a false alarm, while a correct decision of either type
represents no “loss”. We could then take L(P;, M) = L(Py, M3) =0, L(Py, M1) =L, =1
and L(P;, M) = L, = 10, where L, and L, are the losses incurred by a false alarm and
a false rest, respectively. In this scenario, a reasonable way to proceed may be to make
the decision which minimizes the expected loss. This simply leads to the following decision

rule:

Choose Py if 091 > %’— (27)

Note that the naive choice mentioned above simply corresponds to the case where the
losses incurred from a false alarm and a false rest are judged to be equally serious. It
should be stressed that the assignment of a loss for a false alarm or false rest and, hence,
determination of the critical levels is, of course, a question for operational analysts and
military commanders to decide for a particular operational scenario and one for which

physical science has no bearing.

V. EXAMPLES OF APPLICATION OF DETECTION ALGORITHM

We have shown that if our task is to make the best possible decision as to whether
a bio-target signal is present, the logical thing we must do is to calculate the probability
that the signal is present, conditional on all the evidence at hand. If there are only two
possibilities, M; and M, (as in our problem), to be taken into account, then after we
have seen the new data D, the posterior odds on Ms is given by Equation (26), which is
equal to the prior odds multiplied by a dimensionless factor which we called the global
likelihood ratio (Bayes factor). In our application, it is convenient to take the logarithm of
the posterior odds ratio because of the large dynamic range exhibited by this quantity. To
this end, we define a new function which we will call the evidence for My given data D and
prior information I:
K =10log;q O2:. (28)

This is still a monotonic function of probability. By using the base 10 and the factor 10 in

front, we are measuring evidence in units of decibels (dB).
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We now have three different scales on which we can measure degrees of plausibility
for M, (i.e., presence of a bio-target signal) given the data D and prior information I;
namely, evidence, odds, or probability. These measures are all monotonic functions of each
other. Zero dB of evidence corresponds to odds of 1 to 1 or a probability of 1/2, that is,
neither model (M; or Ms) is to be preferred. If the evidence is 20 dB, then the odds are
100 td 1 or the probability is 100/101 in favor of model M,. Similarly, if the evidence is
—20 dB, then the odds are 100 to 1 or the probability is 100/101 in favor of model M; (i.e.,

no bio-target signal is present in the data).

By experimenting with some examples, a better undersfanding of the detection
process can be obtained. To begin, we illustrate the use of our detection method by applying
it to simulated data. We perform detection calculations both for count data from a finite-
duration step bio-target signal with a constant expected (mean) signal rate and count data

from a transient bio-target signal whose expected signal count varies with time.

To begin, we simulated a Poisson background event count with an expected constant
background rate (b) = 15 s~! over an observation interval of 3600 s. These counts were
further segmented into 3 s sampling intervals to simulate a BW detection system that
provides a time sequence of particle number counts within a prescribed window of particle
size and fluorescence intensity. Henceforth, the particle number counts in a prescribed
window of particle size and fluorescence intensity for each 3 s interval will be referred to
as a frame of data. Consequently, the simulated background event counts for an observing

interval of 3600 s corresponds to 1200 frames of data.

For our first example, we simulated a finite duration bio-target signal with a constant
expected signal rate (s) = 7.5 s~! and a duration of 300 s (100 frames). This bio-target
signal count was added to the background event count beginning at frame 501. This gives
a signal-to-noise ratio (SNR) of 0.5 where SNR. = (s)/(b). Figure 1(a) shows the resulting
particle count data. Figure 1(b) is a plot of the evidence K for the data shown in Figure 1(a).
The background data used for this calculation was obtained from the first 50 frames (7' =
150 s) of the data in Figure 1(a). The evidence in this example (and all the examples to
follow) was calculated by applying the detection algorithm [Equation (26)] sequentially to
the data in Figure 1(a), with the evidence at a particular frame of data obtained from the
particle counts measured in a window of 7 frames centered on the particular frame. From

Figure 1(b), one concludes that the data shown in Figure 1(a) contains positive evidence in
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favor of a bio-target signal in frames 501 to 600 [see Figure 2(b) where the bio-target signal
was declared present whenever K exceeds 0 dB]. In particular, within the time interval from
frames 501 to 600, the evidence exceeds 160 dB which implies a bet of better than 106 to

1 in favor of the presence of a bio-target signal.

Figure 3(a) shows simulated particle count data corresponding to the case with an
expected constant signal rate (s) = 5.0 s71, resulting in a signal-to-noise ratio of 0.333. The
evidence in favor of Model M, for the data in Figure 3(a) is plotted in Figure 3(b). For
these data, at the maximum, there is a positive evidence in excess of 80 dB for the presence
of a bio-target signal in the time interval between frames 501 and 600. This corresponds
to a bet of better than 108 to 1 in favor of the model containing the bio-target signal.
Figure 4(b) shows the detection of the bio-target signal using a threshold of 0 dB in the

evidence.

Figure 5(a) displays simulated particle count corresponding to a signal-to-noise ratio
of 0.25, and Figure 5(b) shows the associated evidence for the presence of a bio-target signal.
The detection results for this example are exhibited in Figure 6(b) using a threshold of 0
dB for the evidence. In spite of the low signal-to-noise ratio, the evidence in favor of the
presence of the bio-target signal reached a maximum of 50 dB in the interval between
frames 501 and 600, implying that the odds ratio in favor of the bio-target signal would be
approximately 10° to 1.

The final example of a step bio-target signal is shown in Figure 7(a) for the case
where the signal-to-noise ratio was 0.2. Figure 7(b) shows the corresponding evidence K,
whereas the detection results are displayed in Figure 8(b) for a threshold of 0 dB in the
evidence. With this threshold, the signal was detected in 20 frames in the interval between
frames 501 and 600, where at the maximum, it is a bet of better than about 300 to 1 (about

25 dB in evidence) in favor of the presence of a bio-target signal.

The next simulated example considers the case of a transient bio-target signal with

a time-varying expected signal rate (s(t)) given as follows [cf. Figure 9):

_ At"/?lexp(-t/2)

(5() = oty (30)

where v = 10 and the amplitude A was adjusted to give a maximum expected signal rate

of about 5.0 s™!. When this signal is added to the background event counts generated
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previously, this will give data with a maximum SNR of about 0.333. A realization of a tran-
sient bio-target signal count with the time-varying expected signal rate shown in Figure 9 is
displayed in Figure 10(a). When this signal is added to the background interference events
between frames 401 and 600, it gives the particle number counts shown in Figure 11(a).
The variation of the SNR over the time interval spanning these 200 frames is exhibited in
Figure 10(b). The evidence K for the presence of a bio-target signal in the data shown in
Figure 11(a) is exhibited in Figure 11(b). Figure 12(b) shows the results of signal detection
using a threshold of 0 dB in the evidence (implying that the losses incurred by a false alarm
and a false rest are assigned equal weights). At the peak of the bio-target signal strength,
probability theory finds an evidence for the presence of a signal of about 50 dB (viz., a bet

of about 10° to 1 in favor of the presence of a bio-target signal).

Next, we present some results of the application of our detection algorithm to data
obtained from the Combined Joint Field Trials For Biological Detection (JFT 5) conducted
at a site Tower Grid of the West Desert Test Center Dugway Proving Ground (40°06’ N,
112°59’ W) in northern Utah. The site is 2 km west of Camel Back Ridge on the edge
of the Great Salt Lake Desert, and is flat and relatively smooth and homogeneous, with
an unobstructed fetch of more than 5 km in a wide sector. The data used for testing
our detection algorithm was measured by the 4WARN real-time integrated biological and
chemical agent detection system developed by Computing Devices Canada Ltd. The main
component of 4WARN for BW agent detection is the Fluorescence Aerodynamic Particle
Sizer (FLAPS) which can output total particle number counts in a prescribed window of
aerodynamic particle size and fluorescence intensity as a function of time. The design and
construction of FLAPS is described in Hairston et al. [9]. For the measurements in JF'T 3,

FLAPS was operated in 4WARN to provide a frame of particle count data every 3 s.

Figure 13(a) shows 800 frames of particle count data obtained by 4WARN for JFT
5 Trial 19. Because no independent background count data was provided for this trial, we
used the particle count data measured between frames 151 and 200 inclusive [i.e., 50 frames
of background data corresponding to a sampling time T = 150 s} as a “representative”
sample of the background interference for this trial. The detection algorithm consists of
computing the odds in favor of the presence of a bio-target signal in background interference
model (M>) over the background interference only model (M;). Figure 13(b) is a plot of the
evidence K (logarithm of the odds ratio) as a function of time (frame number). Between

frames 500 and 600, the largest value in the evidence exceeds 300 dB, implying the odds in
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favor of a bio-target signal in the data of better than 10% to 1 within this interval of time.
The resulting odds indicate near certainty of the presence of a bio-target signal. Figure 14(b)
shows the indicator function corresponding to detection of the bio-target signal. For this
example, detection of the signal was accomplished when the odds ratio exceeded 5.0 (i.e.,
the evidence exceeded 7 dB). In selecting this threshold for detection, it was implicitly
assumed that the loss incurred by the system arising from a false alarm was 5 times as
serious as the loss arising from a false rest. In Figure 14(b), the detection indicator function
can be compared to the reference data obtained independently on a nearby referee tower
using all-glass impingers (AGI). The reference data are provided in aerosol cloud particles
per liter of air (ACPLA).

In this example, the reference data obtained from the AGI appeared to correlate
well with the evidence K [cf. Figures 14(a) and (b)]. In addition to the detection of the
main “core” of the cloud, the algorithm was also able to detect the presence of a long and
persistent cloud concentration “tail” which persisted after the passage of the main cloud
from about frames 600 to 750. The evidence for presence of a bio-target signal in this time
interval varied from about 30 to 50 dB, giving odds of between 1000 and 100000 to 1. The
presence of a persistent concentration tail in the cloud is confirmed in the reference data,

which shows low concentrations of between 1 and 3 ACPLA over this time interval.

VI. CONCLUSIONS

In this paper, we have shown how to derive an optimal detection algorithm for
particle count data, when we have no a priori knowledge about the nature of the bio-
target signal (i.e., its amplitude, shape, and arrival time). This is accomplished by using
probability theory to calculate the probability for two mutually exclusive but exhaustive
hypotheses; namely, the hypotheses that “only background interference is present” and
that “a bio-target signal is present in the background interference”. The result is a bio-
target detection algorithm that is derived from connected theoretical principles, rather than
obtained from some intuitive and ad hoc procedure that has characterized the development

of these algorithms to date.

A quantitative measure (evidence or, equivalently, the logarithm of the posterior
odds ratio) has been provided which provides the explicit answer to the following ques-

tion: “What is the evidence in favor of the presence of a bio-target signal in the measured
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data, given all the prior information at hand (e.g., a limited sample of the background
interference)?”. Probability theory has provided this evidence in terms of an odds ratio
(cf. Equation (26)) which represents the final state of knowledge with all the available prior
information and data taken into account. This corresponds to the problem of inference.
The final part of the problem requires the determination of critical levels that could be used
to convert the evidence in the form of an odds ratio into a definite course of action (i.e.,
decide whether a bio-target is present or absent). This part of the problem corresponds to
decision theory, and as such, must necessarily depend in some way on value judgements as
well as probabilities. The setting of critical levels for detection will depend on the particular
scenario as well as on military doctrine. In this way, probability theory and decision theory
have realized quantitatively the “reasoning preceding decisions” paridigm alluded to in the
introduction: namely, (1) try to forsee all the possibilities that might arise (e.g., enumeration
of the relevant hypotheses such as “background interference present only” and “background
interference and bio-target signal present”); (2) judge how likely each is, based on every-
thing you can see and all your past experience (e.g., evidence is quantitatively encapsulated
in odds ratio of Equation (26) which embodies prior information on the background samples
and new data in the form of the received data sequence); (3) in the light of this, judge what
the probable consequences of the various actions would be (e.g., formulated in terms of loss
functions which encapsulate the losses that would be incurred from a “wrong” decision);

4) now make your decision (e.g., “bio-target present” or “bio-target absent”).
g g g

It should be emphasized that the proposed approach for the design of bio-detection
algorithms differs radically from the frequentist viewpoint of detection theory whereby the
detection algorithm is judged by its performance “in the long run” (i.e., by the sampling dis-
tribution of the detection statistic when the procedure is repeated many times and assessed
in terms of probability of detection versus probablity of false-alarm). In this traditional
method, one considers the probabilities of hypothetical data, and assumes the truth of the
best-fit parameter values. In stark contrast, the proposed method in this paper uses only
the probability of the actually observed data, and additionally takes into account all the
possible parameter values (e.g., s and b, which are the unknown signal and background
rates) through marginalization. In our proposed approach, we are not interested in long-
run detection performance, but rather with the specification of a procedure that provides
the “best” performance in each individual case, where we know from the start that this case

can never be repeated (either in the signal received or the background present or both).
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In this regard, we note that the sampling distribution used in the frequentist viewpoint
of detection theory (e.g., Neyman-Pearson theory which advocates the design of detection
algorithms to maximize the probability of detection for a fixed probability of false alarm) is
not a measure of the reliability in the individual case, because consideration about samples
which have not been observed, are simply not relevant to the problem of how we should

reason from the one that has been observed.

Regarding the practical use of the proposed detection algorithm, 1200 frames of data
currently requires about 55 s to process on a Pentium II class personal computer with a
clock speed of 400 MHz. This is roughly a computational load of about 0.05 s per data
frame, implying that the algorithm can be applied to particle count data in real time as
it is acquired. This algorithm has be implemented in 4WARN, and uses a continuously
updated background queue (containing usually 4 or 5 frames of background count data for
a sampling time of 12 or 15 s) to store the current background sample to be used as the
reference for the subsequent detection decision of the next frame of received data. Although
the background rate b is assumed to be constant in the sample contained in the background
queue, it is important to emphasize that this rate can change from one update of the queue
to the next. Hence, non-stationary background rates can be accomodated by the proposed
detection algorithm. All that is required by the detection algorithm is that the background
rate in the given background sample remain constant, which does not disallow the case

where the background rate is changing from sample to sample.
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Figure 1. (a) Simulated data for signal particle counts at SNR = 0.5. (b) Evidence X for
presence of a bio-target signal for data in (a).
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Figure 2. (a) Evidence K for detection of bio-target signal shown in Figure 1(a).
(b) Indicator function (shown by inverted triangle) for detection of signal
(threshold of 0 dB used on evidence).
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Figure 3. (a) Simulated data for signal particle counts at SNR = 0.333. (b) Evidence K
for presence of a bio-target signal for data in (a).
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Figure 4. (a) Evidence X for detection of bio-target signal shown in Figure 3(a).
(b) Indicator function (shown by inverted triangle) for detection of signal
(threshold of 0 dB used on evidence).
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Figure 5. (a) Simulated data for signal particle counts at SNR = 0.25.

(b) Evidence X for presence of a bio-target signal for data in (a).
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Figure 6. (a) Evidence K for detection of bio-target signal shown in Figure 5(a).
(b) Indicator function (shown by inverted triangle) for detection of signal
(threshold of 0 dB used on evidence).
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Figure 7. (a) Simulated data for signal particle counts at SNR = 0.2.
(b) Evidence X for presence of a bio-target signal for data in (a).
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Figure 8. (a) Evidence X for detection of bio-target signal shown in Figure 7(a).
(b) Indicator function (shown by inverted triangle) for detection of signal
(threshold of 0 dB used on evidence).
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Figure 9. Expected (mean) bio-target signal rate for a transient, time-varying
signal.
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Figure 10. (a) A realization of bio-target signal counts for the expected signal rate
shown in Figure 9. (b) Signal-to-noise ratio of the bio-target signal when added to a
constant background interference with an expected background rate of 15.0 ..
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Figure 11. (a) Simulated data for transient signal particle counts with the time-
varying expected rate shown in Figure 9. (b) Evidence K for presence of a bio-target
signal for data in (a).
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Figure 12. (a) Evidence K for detection of bio-target signal shown in
Figure 11(a). (b) Indicator function (shown by inverted triangle) for
detection of signal (threshold of 0 dB used on evidence).
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Figure 13. (a) Particle count data measured in a prescribed window of particle size
and fluorescence intensity in Trial 19 of JFT 5. (b) Evidence K for presence of bio-
target signal for data in (a).
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Figure 14. (a) Evidence K for detection of bio-target signal shown in Figure 13(a).
(b) Indicator function (shown by inverted triangle) for detection of signal
(threshold of 7 dB used on evidence).
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